Abstract Soil contamination by heavy metals and organic pollutants around industrial premises is a problem in many countries around the world. Delineating zones where pollutants exceed tolerable levels is a necessity for successfully mitigating related health risks. Predictions of pollutants are usually required for blocks because remediation or regulatory decisions are imposed for entire parcels. Parcel areas typically exceed the observation support, but are smaller than the survey domain. Mapping soil pollution therefore involves a local change of support. The goal of this work is to find a simple, robust, and precise method for predicting block means (linear predictions) and threshold exceedance by block means (nonlinear predictions) from data observed at points that show a spatial trend. By simulations, we compared the performance of universal block kriging (UK), Gaussian conditional simulations (CS), constrained (CK), and covariance-matching constrained kriging (CMCK), for linear and nonlinear local change of support prediction problems. We considered Gaussian and positively skewed spatial processes with a nonstationary mean function and various scenarios for the autocorrelated error. The linear predictions were assessed by bias and mean square prediction error and the nonlinear predictions by bias and Peirce skill scores.
transforms thereof because it offers a good compromise between robustness, simplicity, and precision.
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Introduction
Heavy metal contamination of soils by emissions of metal processing industries is a world wide problem. Several such cases have been documented in recent years (Altfelder et al. 2002; Buxton et al. 1997; Frangi and Richard 1997; McGrath et al. 2004; Van Meirvenne et al. 1993; Papritz et al. 2005; Rawlins et al. 2006; Saito and Goovaerts 2001) . The metals, emitted as dust or fumes, are dispersed in the atmosphere and brought back to the ground by dry and wet deposition. Hence, the metal content of the soil usually decreases with increasing distance from the source. Regional topography and wind may further influence the contamination pattern (Frangi and Richard 1997) . With respect to emissions by stationary point sources, heavy metals are not the only contaminants of concern: Emissions of persistent organic pollutants such as polycyclic aromatic hydrocarbons (Van Brummelen et al. 1996) , polychlorinated biphenyls (Xing et al. 2005) , or dioxins (Goovaerts et al. 2008) by chemical industries create similar contamination patterns. The contamination of the soils near the industrial premises is sometimes so severe that the health of humans and other organisms is at risk. To avert harm from the subjects of protection, one must therefore delineate the zone where the pollutants exceed tolerable levels. Many countries (e.g., Germany, the Netherlands, Switzerland, United Kingdom) enacted soil protection laws to establish allowable maximum concentrations and defined regulations on how to proceed if they are exceeded. In general, protective measures are imposed for entire parcels of land (Papritz et al. 2005) , and the mean pollutant content of some soil layer (usually topsoil) on the parcel is decisive for the measures to be taken. To adopt the usual geostatistical terminology, we use in the sequel block and block mean for the parcel and the mean of the target variable on the parcel.
In regional surveys of soil contamination around a known source, soil is usually sampled at different distance and orientation from the source (Starks et al. 1987 ). Compared to the area of the blocks, the spatial support of the samples, i.e., the area over which the material of a bulked soil sample is collected, is usually much smaller than the blocks. At the same time, the blocks are several orders of magnitude smaller than the survey domain. Thus, for planning protective measures, one faces a nonlinear local change of support problem (Chilès and Delfiner 1999, pp. 435-437; Gotway and Young 2002) . Based on usually sparse quasi-point-support observations, one has to predict for blocks-which are small compared to the area of the survey domainwhether their means exceed a threshold. The popular approach to such nonlinear and nonstationary prediction problems is conditional Gaussian simulation (CS) (Chilès and Delfiner 1999, pp. 449-592) . However, Aldworth and Cressie (2003) rightly observe that CS is highly parametric. CS predictions of nonlinear functionals of a spatial variable may be badly biased if the probabilistic model is misspecified. Universal
